Abstract: Savanna ecosystems and their woody vegetation provide valuable resources and ecosystem services. Locally calibrated and cost effective estimates of these resources are required in order to satisfy commitments to monitor and manage change within them. Baseline maps of woody resources are important for analyzing change over time. Freely available, and highly repetitive, C-band data has the potential to be a viable alternative to high-resolution commercial SAR imagery (e.g., RADARSAT-2, ALOS2) in generating large-scale woody resources maps. Using airborne LiDAR as calibration, we investigated the relationships between hyper-temporal C-band ASAR data and woody structural parameters, namely total canopy cover (TCC) and total canopy volume (TCV), in a deciduous savanna environment. Results showed that: the temporal filter reduced image variance; the random forest model out-performed the linear model; while the TCV metric consistently showed marginally higher accuracies than the TCC metric. Combinations of between 6 and 10 images could produce results comparable to high resolution commercial (C-& L-band) SAR imagery. The approach showed promise for producing a regional scale, locally calibrated, baseline maps for the management of deciduous savanna resources, and lay a foundation for monitoring using time series of data from newer C-band SAR sensors (e.g., Sentinel1).
Introduction
Savanna ecosystems are ecologically and economically significant systems that are defined by a continuous herbaceous layer interspersed with trees [1, 2] . They cover more than 30% of the worlds' vegetated land surface, and more than half of the African continent, thereby providing millions of mostly poorer households with materials (e.g., grazing resource, timber, fuelwood, edible fruits and roots) they need in order to buffer the full effects of poverty [3, 4] . Savannas have great carbon sequestration potential within the global carbon cycle [5] , and are either facing high levels of utilization through harvesting [6] , or bush encroachment threatens the availability of viable grazing land [7, 8] . The (potential) impacts of these combined pressures on woody resources in (African) savannas need to be monitored in order to avoid significant losses, both in terms of ecosystem services, as well as 
Materials and Methods

Remote Sensing Data
The hyper-temporal SAR data consisted of 43 irregularly timed ENVISAT ASAR wide-swath mode (WSM_1P) HH polarization images, which were acquired between December 2006 and December 2009. The images were in ground range resolution format (e.g., 75 m range & azimuth pixel spacing), and only images that fully covered the region of interest were included. Only the HH polarized images were used, as there was a denser time series compared to VV polarized images, and because the HH polarization has been shown to achieve better accuracies for woody vegetation [17, 21] . The 43 HH co-polarized images were classified into 17 wet (November to April) and 26 dry (May to October) period images. The 43 available images spanned three phenological cycles, i.e., images between October (start of greening season) and September (end of Each ASAR WSM_1P ground range intensity image was pre-processed using the GAMMA™ radar processing software [31] . We opted to preserve as much spatial detail as possible, and so chose not to conduct further multilooking. The processing steps included the conversion of digital numbers to sigma-nought (σ°) via a radiometric calibration. Calibration factors were extracted from the individual image headers and applied (i.e., 68 dB). The images were then geometrically and topographically corrected using a 30 m (1 Arc second) Shuttle Radar Topography Mission (SRTM) DEM. The steps included in the geometric and orthorectification process include: (i) generation of 
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Remote Sensing Data
The hyper-temporal SAR data consisted of 43 irregularly timed ENVISAT ASAR wide-swath mode (WSM_1P) HH polarization images, which were acquired between December 2006 and December 2009. The images were in ground range resolution format (e.g., 75 m range & azimuth pixel spacing), and only images that fully covered the region of interest were included. Only the HH polarized images were used, as there was a denser time series compared to VV polarized images, and because the HH polarization has been shown to achieve better accuracies for woody vegetation [17, 21] . The 43 HH co-polarized images were classified into 17 wet (November to April) and 26 dry (May to October) period images. The 43 available images spanned three phenological cycles, i.e., images between October Each ASAR WSM_1P ground range intensity image was pre-processed using the GAMMA™ radar processing software [31] . We opted to preserve as much spatial detail as possible, and so chose not to conduct further multilooking. The processing steps included the conversion of digital numbers to sigma-nought (σ • ) via a radiometric calibration. Calibration factors were extracted from the individual image headers and applied (i.e., 68 dB). The images were then geometrically and topographically corrected using a 30 m (1 Arc second) Shuttle Radar Topography Mission (SRTM) DEM. The steps included in the geometric and orthorectification process include: (i) generation of look-up tables for each of the SAR geometry and DEM map geometry pixels; (ii) use of the DEM to simulate a SAR intensity image from map geometry to SAR geometry; (iii) co-register the simulated and real SAR images in SAR geometry; (iv) refine the look-up table and geocode the original SAR image into map geometry [31] . The final step involved using the local incidence angle to normalize topographic effects on the backscatter.
The SAR images were temporally filtered, using the Quegan filter described in [32] . This filter linearly combines images of a given time series, and creates a new set of speckle reduced images. The filter uses the input intensity data, as well as a local mean backscattering coefficient that is estimated in a window around each pixel [32] . The filter serves to reduce the variance (i.e., speckle) within the image, while preserving both radiometric and spatial resolution. Three different filter window sizes were tested, namely 3 × 3, 7 × 7, and 11 × 11 pixels. No significant improvement in accuracy was found beyond an 11 × 11 pixel filter window. The temporal filter was applied to the full stack of 43 images in order to maximize the reduction of speckle. We assessed the filters' speckle suppression at the image level, rather than having to identify homogeneous areas in a savanna landscape which is intrinsically heterogeneous. The ratio of the unfiltered image to the filtered image, also called the Speckle Image Statistical Analysis (SISA) index, was used [33] . The SISA index produces an image of speckle, with the mean and standard deviation of this image expressing the filter's ability to retain the original mean values (i.e., closer to 1, the better) and suppress speckle, respectively [34] .
Airborne LiDAR data were used to calibrate and validate predictive SAR models for total woody cover (TCC) and total canopy volume (TCV). The LiDAR data totaled approximately 35,000 ha, and was acquired during April-May 2008 using the Carnegie Airborne Observatory (CAO) Alpha system [35] . High resolution canopy height models enabled the calculation of TCC, which is the percentage area that is occupied by woody vegetation, within a 150 m× 150 m grid cell (corresponding to 2 × 2 ASAR pixels). Only vegetation above 1m was considered in deriving the TCC metric, in order to exclude the grassy savanna component, and due to the LiDAR system's limited sensitivity below 1m [36] . Total canopy volume is a metric derived from pseudo waveform LiDAR data, where LiDAR hits are binned into volumetric pixels and weighted relative to the total number of hits within the vertical column [35] . The TCV was calculated from a 5 m × 5 m window (i.e., voxel) at different heights (i.e., 1 m bins/slices) above 1 m, to derive a unitless metric as a proxy for the volume of vegetation within the vertical profile of vegetation (See [21, 35] for more detail).
Ancillary data
SAR backscatter is influenced by environmental factors such as moisture in the landscape, in that the dielectric constant of ground targets changes, which results in increases in backscatter [37] . Episodic precipitation events should therefore be taken into consideration when analyzing time series SAR data. Daily rainfall data was retrieved from several stations in the region, and for the period between September 2006 and December 2010 [38, 39] . The daily rainfall data was summed across seven rainfall stations per month, and then used to calculate total rainfall amounts for each of the phenological cycles, as well as each cycle's respective wet and dry periods. The total rainfall in the days prior to image acquisition (i.e., day of, plus one and two days prior) was also calculated. The rainfall occurring in the days just prior to image acquisition is likely to increase the amount of moisture both in the soil and grass as well as on the leaves and twigs of the woody canopies themselves.
Sampling and Statistical Analysis
The sampling was conducted using a 2 × 2 pixel window (i.e., 150 m × 150 m), spaced 75 m apart, to extract data from each of the LiDAR and SAR datasets. The one pixel (i.e., 75 m) spacing considered a previous geostatistical analysis [36] , which showed 50 m to be the distance beyond which no spatial autocorrelation occurs. After extracting the mean values for each dataset (n = 3852) a Monte Carlo (i.e., leave-group-out) cross validation strategy was followed, with 25 repetitions and a training/validation split of 35%/65%, respectively. The statistical relationships between the woody structure parameters (i.e., TCC and TCV) and the SAR image scenarios were modelled using multi-linear regression (ML) and random forest (RF) models, and were assessed using regression statistics such as the correlation coefficient (R 2 ), the root mean squared error (RMSE), and the relative root mean squared error (rRMSE). An analysis showed there was little benefit in allowing the RF model to grow beyond 250 trees, or optimize it further than the default parameters. The modelling of these relationships was carried out using the open source R statistical package [40] .
Results
Rainfall Effects on Backscatter
We attempted to acknowledge, and understand, the effects of moisture on backscatter by analyzing recorded rainfall data against the measured time series of SAR backscatter values. The variability of the mean (and ± one standard deviation) backscatter profile over the time series is displayed and summarized in Figure 2a Figure 2d) . Majority (i.e., 11 out of 17) of the wet season images experienced some rain prior to the image being captured, and many of these subsequently responded with increases in the backscatter response (Figure 2b ). The mean coefficient of variation across all stations is high for all three cycles, and can be viewed as an indicator of the spatial and temporal variability of rainfall in the region (Table 1) . such as the correlation coefficient (R 2 ), the root mean squared error (RMSE), and the relative root mean squared error (rRMSE). An analysis showed there was little benefit in allowing the RF model to grow beyond 250 trees, or optimize it further than the default parameters. The modelling of these relationships was carried out using the open source R statistical package [40] .
Results
Rainfall Effects on Backscatter
We attempted to acknowledge, and understand, the effects of moisture on backscatter by analyzing recorded rainfall data against the measured time series of SAR backscatter values. The variability of the mean (and ± one standard deviation) backscatter profile over the time series is displayed and summarized in Figure 2a . Majority (i.e., 11 out of 17) of the wet season images experienced some rain prior to the image being captured, and many of these subsequently responded with increases in the backscatter response ( Figure 2b ). The mean coefficient of variation across all stations is high for all three cycles, and can be viewed as an indicator of the spatial and temporal variability of rainfall in the region (Table 1) . Table 1 . The total rainfall for each phenological cycle, as well as for each dry and wet period within each cycle. The mean coefficient of variation (%) for each period is presented in brackets. The values were extracted from seven weather stations within the region of study. 
Phenological
Effects of Temporal Filter, Model, and Metric
It has previously been established that the SAR backscatter is better correlated to woody structure under dry (leaf-off) conditions rather than wet (leaf-on) conditions in deciduous savannas [21] . As a result, the combination of 12 dry images from the 2007/2008 cycle (longest dry time series) was first used to test the effects of temporal filtering and investigate the differences in achievable accuracies between the two ML and RF models. Results for the above scenario are presented in Table  2 . Since TCV is a unitless proxy for canopy volume, we compare the two sets of results using the relative RMSE (rRMSE) value.
The results in Table 2 show that in majority of the cases the TCV metric achieved marginally (i.e., <1% rRMSE) higher accuracies than the TCC metric for the tested scenarios. There are also clear improvements in the modelling performance as the temporal filtering window size is increased. With increasing temporal filter window size; (a) the SISA mean values remain in the region of 1, indicating the preservation of the original mean image values; (b) the SISA Stdev values increase, indicating improved speckle suppression. The random forest model produced improved accuracies over the multi-linear model, especially at increasing filter window sizes. The maximum TCC improvement for the 11 x 11 pixel filter was ~2.4% rRMSE, while for TCV it was 3.2% rRMSE. 
It has previously been established that the SAR backscatter is better correlated to woody structure under dry (leaf-off) conditions rather than wet (leaf-on) conditions in deciduous savannas [21] . As a result, the combination of 12 dry images from the 2007/2008 cycle (longest dry time series) was first used to test the effects of temporal filtering and investigate the differences in achievable accuracies between the two ML and RF models. Results for the above scenario are presented in Table 2 . Since TCV is a unitless proxy for canopy volume, we compare the two sets of results using the relative RMSE (rRMSE) value.
The results in Table 2 show that in majority of the cases the TCV metric achieved marginally (i.e., <1% rRMSE) higher accuracies than the TCC metric for the tested scenarios. There are also clear improvements in the modelling performance as the temporal filtering window size is increased. With increasing temporal filter window size; (a) the SISA mean values remain in the region of 1, indicating the preservation of the original mean image values; (b) the SISA Stdev values increase, indicating improved speckle suppression. The random forest model produced improved accuracies over the multi-linear model, especially at increasing filter window sizes. The maximum TCC improvement for the 11 × 11 pixel filter was~2.4% rRMSE, while for TCV it was 3.2% rRMSE. The observed versus predicted scatter plots are presented in Figure 3a -d for the above mentioned 2007/2008 Dry (11 × 11 pixel filter) scenario. While the estimation bias is low for all scenarios, we see in comparison to the 1:1 line, the model predictions for both the TCC and TCV metrics are clearly overestimated at the lower end of the range, and underestimated at the top end of the range. 
Wet and Dry Period Combinations
In accordance with the previous results, the remainder of the analyses focus only on the RF model and the 11 × 11 pixel temporally filtered images. The scenarios were split into phenological cycles and into wet and dry periods in order to investigate the strength of the relationships throughout these seasonal shifts (Table 3) . 
In accordance with the previous results, the remainder of the analyses focus only on the RF model and the 11 × 11 pixel temporally filtered images. The scenarios were split into phenological cycles and into wet and dry periods in order to investigate the strength of the relationships throughout these seasonal shifts (Table 3) . * R 2 = coefficient of determination; RMSE = Root mean square error (TCC unit is %, TCV is unitless); rRMSE = Relative RMSE (%), Bias = estimation bias (TCC unit is %, TCV is unit less), CI = 95% confidence interval (±around the mean).
Again, the differences in rRMSE between TCC and TCV were marginal, but TCV does maintain a consistently lower rRMSE throughout. If we combine all 26 dry images, and compare to the best single dry period result (i.e., 2007/2008_D), the rRMSE values only show an improvement of between 2% and 1.3% for TCC and TCV respectively, but using 14 additional images. The combination of wet and dry images for each of the 2006/2007 and 2007/2008 cycles produced higher accuracies, and using less imagery than all the dry images combined. Combining all wet and dry images (43) , results in a rRMSE improvement over the 26 dry images of ca. 2.3% for TCC and ca. 2.6% for TCV. This implies limited new information is available to the model after a certain number of images are added.
Image Sequences
The following analysis added images sequentially to the model(s) in order to assess model improvement over the course of each phenological cycle, and attempt to determine a balance between number of images required and model accuracy. The first scenario involved investigating how accuracies change over the course of each phenological cycle, beginning with the higher accuracy dry images and then adding the wet images. The next scenario, investigated whether using multi-cycle dry images only would produce higher accuracies than single-cycle dry, or dry and wet, image combinations. The final scenario investigated how model performance might be affected when all the wet and dry (in date order) images were added across the three phenological cycles. The results of the first scenario (i.e., individual cycles) are presented in Figure 4a -f), were we found a similar pattern of improvement in the rRMSE results for each cycle, and for both metrics. The two cycles 2007/2008 and 2008/2009 produced the most accuracy gain using between six and nine (dry) images respectively (Figure 4c-f) . As described in sections above, the wetter 2008/2009 cycle produced results that were lower than the other cycles, and with a more tempered relative improvement as each image is added to the sequence (Figure 4e-f) . The 2006/2007 cycle exhibits a slightly more linear pattern, with a less obvious plateau in the performance than the other cycles (Figure 4a,b) . When adding only dry images in sequence over multiple cycles the following results were achieved (Figure 5a,b) . For both TCC and TCV, using three cycles of dry images elicited an initial prompt improvement in the rRMSE results, before minimal gain in performance (i.e., plateau) is reached when 8 to 12 images have been added. Comparing an rRMSE result at this plateau to the final (rRMSE) result only equates to an improvement of ~2% for both metrics, but at a cost of ~16 additional images. If we remove the images of the first cycle, and begin with the cycle that coincides with the year of LiDAR acquisition and the least rainfall (2007/2008), then we see very similar trends When adding only dry images in sequence over multiple cycles the following results were achieved (Figure 5a,b) . For both TCC and TCV, using three cycles of dry images elicited an initial prompt improvement in the rRMSE results, before minimal gain in performance (i.e., plateau) is reached when 8 to 12 images have been added. Comparing an rRMSE result at this plateau to the final (rRMSE) result only equates to an improvement of~2% for both metrics, but at a cost of~16 additional images. If we remove the images of the first cycle, and begin with the cycle that coincides with the year of LiDAR acquisition and the least rainfall (2007/2008), then we see very similar trends and only marginally different final results, despite using seven fewer images. Using only two cycles a point of minimal gain appears to be reached after 8 to 10 images were added, for both metrics.
Remote Sens. 2016, 8, 661 12 of 19 which the images are used as they become available. For both the TCC and TCV metrics there is the same rapid initial improvement in the model accuracies, despite beginning the sequence with wet images. The first cycle (2006/2007), contains images that elicited a sustained improvement in the results, hence a plateau in performance is reached towards the later stages of that cycle (i.e., 12-14 images) when using the three cycle sequence, for both metrics. Using only two cycles of images, the initial improvement in results is more rapid before it tapers off, and then appears to reach a plateau in the middle of the 2007/2008 cycle (i.e., 7-8 images), for both metrics. There were no significant improvements in the results as the sequence of images transitions across the rest of the wet and dry periods making up the remaining cycles. In summary, whether one uses dry images only, or wet and dry images, there appears to be no significant advantage to processing more than one phenological cycle worth of images. Using all the wet and dry images (43 images) from the three cycles produces similar trends as above, and naturally produces the highest accuracies of the study, for both TCC (RF model: R 2 = 0.77, RMSE = 7.78%, rRMSE = 31.77%) and TCV (RF model: R 2 = 0.8, RMSE = 16846.54, rRMSE = 31.31%) (Figure 6a,b) . The scenario of using the images in date order simulates an operational scenario in which the images are used as they become available. For both the TCC and TCV metrics there is the same rapid initial improvement in the model accuracies, despite beginning the sequence with wet images. The first cycle (2006/2007), contains images that elicited a sustained improvement in the results, hence a plateau in performance is reached towards the later stages of that cycle (i.e., 12-14 images) when using the three cycle sequence, for both metrics. Using only two cycles of images, the initial improvement in results is more rapid before it tapers off, and then appears to reach a plateau in the middle of the 2007/2008 cycle (i.e., 7-8 images), for both metrics. There were no significant improvements in the results as the sequence of images transitions across the rest of the wet and dry periods making up the remaining cycles. In summary, whether one uses dry images only, or wet and dry images, there appears to be no significant advantage to processing more than one phenological cycle worth of images. The first two images of each scenario are used as the starting combination. Data labels are provided for the first result, the approximate plateau, as well as the final result in the sequence.
Discussion
The analysis presented above has explored the relationship between a time series of C-band SAR and woody structural metrics (TCC and TCV) for a deciduous savanna environment, and the results are discussed here. Firstly, the application of a temporal filter to the C-band time series acted to reduce the amount of variance (i.e., speckle) in the images, and in doing so consistently improved upon unfiltered prediction accuracies using various window sizes. The savanna is a spatially variable environment, and vegetation structure, phenology, and patterns of vegetation distribution are largely influenced by geology and inconstant amounts of moisture within the landscape [2, 30, 41] . The geology and moisture vary at differing scales, such as across catenal positions, as well as at larger scales such as East to West and North to South [30] . The subsequent variability in vegetation distribution and structure within the landscape, which is captured in the LiDAR, was evidently still retained in the SAR images despite the spatial detail of the SAR images being degraded by the The first two images of each scenario are used as the starting combination. Data labels are provided for the first result, the approximate plateau, as well as the final result in the sequence.
The analysis presented above has explored the relationship between a time series of C-band SAR and woody structural metrics (TCC and TCV) for a deciduous savanna environment, and the results are discussed here. Firstly, the application of a temporal filter to the C-band time series acted to reduce the amount of variance (i.e., speckle) in the images, and in doing so consistently improved upon unfiltered prediction accuracies using various window sizes. The savanna is a spatially variable environment, and vegetation structure, phenology, and patterns of vegetation distribution are largely influenced by geology and inconstant amounts of moisture within the landscape [2, 30, 41] . The geology and moisture vary at differing scales, such as across catenal positions, as well as at larger scales such as East to West and North to South [30] . The subsequent variability in vegetation distribution and structure within the landscape, which is captured in the LiDAR, was evidently still retained in the SAR images despite the spatial detail of the SAR images being degraded by the different temporal filter window sizes used. This shows that together with the large (i.e., 150 m × 150 m) sampling window, the increase in the size of the filter window acted to continuously smooth the SAR data (temporally and spatially) of adverse speckle and co-registration effects (i.e., noise), to the point where the SAR data became better correlated with the aggregated LiDAR data and overall modelling accuracies improved. An added benefit of the temporal filter is that it can be used to filter images from different sensors. Meaning that historical ASAR data could potentially be used to temporally filter data from new generation of sensors, such as Sentinel1 [32] , which would benefit the continuity between the systematically collected (C-band) SAR sensors (i.e., Envisat ASAR and Sentinel-1).
The relationship between the C-band SAR backscatter and LiDAR metrics was well described by the linear regression model, however the non-linear random forest model ultimately produced the higher accuracies of the two models. The random forest model has been shown to be a robust model that is capable of capturing the complexity non-linear relationships, and is seldom affected by problems of overfitting [42, 43] . The scatterplot of the validation for the model shows underestimation for high cover areas and overestimation for low cover areas ( Figure 3 ). The underestimation in high cover areas can be explained by the C-band signals' limited ability in penetrating a dense canopy, and the LiDAR data included a limited amount of very dense vegetation; hence the top end of the TCC range is under-represented. At the lower end, limitations of the LiDAR in detecting low vegetation (e.g., <1.5 m tall) [44] would contribute to the overestimation, as would the interference and variability of soil texture and roughness, and grass biomass in these low woody cover areas.
Both TCC and TCV showed high levels of agreement with the temporally filtered ASAR data. Co-polarized (HH) C-band backscatter consists of volume scattering from leaves, twigs, and smaller branches in the upper canopy, but is generally regarded as being less sensitive than the HV polarization is to volume scattering effects [17] . Given the particular physiognomy of the savanna vegetation in this case, i.e., short, coppiced, and open canopy, there appear to be sufficient volume scatterers and sensitivity from the HH polarization to have produced the accuracies reported above. In agreement with other studies conducted in the region [16, 18] , the TCV metric in particular achieved consistently higher accuracies compared to TCC. This could be explained by the fact that TCV is a three-dimensional metric representing the volume of vegetation within the vertical profile [21, 35] , the volume being represented is of an open canopy environment that enables the SAR signal to reach beyond the upper portions of the canopy thereby interacting with the similar elements of the vegetation vertical profile from which the LiDAR metric was derived.
The influence of moisture, via rainfall, on the backscatter response was investigated and it showed that the SAR backscatter responded to precipitation events with high backscatter response and variability, whereas dry periods resulted in a lower and less variable mean backscatter response. The influence of moisture on the SAR signal appeared to play out at two different scales, namely (i) at the image scale where backscatter appeared to increase in response to rainfall amounts received prior to the image being captured; and (ii) at the phenological cycle scale where we see wetter cycles (i.e., 2008/2009) exhibit higher mean backscatter values compared to drier cycles. As was expected from similar studies in the savanna [21] , the wet image combinations had an overall lower predictive accuracy than dry image combinations. However, it is difficult to conclude on the role of wet images in this study as the three cycles produced quite varied results. We would expect comparable results for the two scenarios with similar numbers of wet images (i. (Table 3 ). This (2008/2009) wet scenario did not experience significant amounts of rainfall shortly before image acquisition, unlike the other two scenarios, but did experience the highest total rainfall over the course of the wet period. It could be speculated that the short term effects of moisture on the SAR backscatter had less of an impact on the results than the potential increases in foliage cover within the landscape due to long(er) term accumulated moisture. The fact that two out of three wet scenarios still produced reasonable results (i.e., R 2 > 0.6), may affirm the findings of [14] that open canopy environments negate much of the expected increase in attenuation and depolarization of backscatter that is usually associated with increases of canopy foliage during growing periods. The wetter 2008/2009 cycle being the exception here. In summary, wet images had generally a positive influence on model accuracy when added to dry period images, except in instances where the leaf-on period and/or the phenological cycle in question was exceptionally wet. Hence, a decision on whether to include wet images in an analysis, could weigh up the following: (i) the number of dry images available versus the cost of processing the wet images; and (ii) particularly high volumes of precipitation received over the course of the wet period.
The performance of the dry images is consistent with other literature, which indicates that dry, or leaf-off, conditions are the best for vegetation parameter estimation using SAR in savanna environments [10, 15, 16, 18] . With majority of the tree species in the region being deciduous the dry period produces a 'leaf-off' situation that results in increased transparency within the canopy, thereby allowing the SAR signal to penetrate further into the canopy. The SAR signal would therefore interact with more woody elements, rather than the canopy foliage of the vegetation [37, 45] . The dry period also brings about a decrease in the moisture of the soil and grass [21, 46] .
The accuracies achieved are similar in magnitude to other studies in the region which used higher resolution SAR imagery (e.g., 12.5-25 m), with more appropriate polarizations (e.g., HV), and more capable frequencies (e.g., L-band) [15, 16, 18] . While studies such as [15, 16] point to the HV polarization and the L-band wavelength as being particularly sensitive to vegetation parameters, the results from the present study show that co-polarized (i.e., HH) C-band data are a viable alternative in this savanna environment. For example, a series of only seven dry period images (e.g., 2007/2008), could produce accuracies for TCV of R 2 = 0.72 and rRMSE = 37.61%, which are very close to the (TCV) accuracies achieved by [21] using multi-season quad-pol RADARSAT-2 data (R 2 = 0.71, rRMSE = 36.85%). The TCC results from the same (2007/2008) series of images (R 2 = 0.67, RMSE = 9.29%) are also comparable to the single dual-pol dry image L-band accuracies achieved by [15] (R 2 = 0.66, RMSE = 8.45%). There does, however, appear to be a limit to the amount of useful information that a high number of images can add to the model(s). The point at which most of the variability had been described differs amongst the scenarios, but was generally between 6 and 10 images, and which frequently produced accuracies that were the equivalent of 10% RMSE or 41% rRMSE. The results bode well for making use of Sentinel-1 C-band data in a similar fashion, as it has an improved revisit time, higher spatial resolution (i.e.,~20 m), as well as the cross-polarized VH data available.
It is possible to obtain high accuracies (i.e. R 2 > 0.75, rRMSE~30%) using all 43 images, however, it would be prudent to weigh up the time and effort required to process these against the diminishing accuracy gained. In this savanna environment, a single phenological cycle, or a single dry period produced accuracies that were only marginally lower than the highest accuracies achieved. An ideal scenario, such as the 2007/2008 dry scenario that had the lowest rainfall, the highest number of dry period images (i.e., 12), and which coincided with the year of LiDAR acquisition, achieved results that were only 2% to 3% (rRMSE) lower than scenarios that used double the number of dry images (i.e., all 26 dry images) ( Table 3) . Outside of those ideal combinations, the remaining two cycles still achieved results that were only 4% to 5 % (rRMSE) lower than when using all the dry images, even in the instance of the wettest (2008/2009) cycle. Being able to achieve such results using only one phenological cycle of images does not only reduce the cost and amount of processing required, but will also mean that change detection studies are possible without the complication of using imagery that spans phenological cycles. This demonstrates the potential of monitoring woody vegetation structure with C-band time series, and provides a guide to the initial temporal range, and number of images, that need to be acquired and processed to achieve useful levels of accuracy.
Conclusions
We investigated the strength of the relationships between a time series of C-band, ASAR-WS SAR imagery, and two LiDAR-derived woody structural metrics-total canopy cover (TCC) and total canopy volume (TCV)-within a Southern African savanna environment. The accuracies presented here, for both metrics, were comparable to studies that made use of commercial high resolution L-band SAR data [15, 20] . High prediction accuracies were achieved despite the SAR wavelength (i.e., C-band), the spatial resolution (i.e., 75 m), and the single polarization (i.e., HH) being sub-optimal SAR data for woody vegetation structure estimation. The hyper-temporal nature of the dataset, the application of the temporal filter, and the physiognomy of the vegetation contributed to off-set these potential disadvantages, by increasing vegetation related backscatter, reducing the variance due to noise, and increasing volume related backscatter through increased canopy penetration. Dry images produced the best results, as expected, while the performance and contribution of the wet images was varied and appeared to be linked with longer term moisture accumulation, and associated foliage cover, rather than individual rainfall incidents. However, in two out of three cycles, the wet images did contribute towards the results of a single phenological cycle being equivalent to three cycles of dry images. So, depending on the environmental conditions at the time, the analysis shows that very reasonable results can be achieved using the wet and dry images of a single phenological cycle, consisting of between 6 to 10 images, with the potential to achieve higher accuracies should there be the capacity to process additional images.
The study is unique in its application of hyper-temporal SAR datasets for woody parameters estimation in a deciduous savanna environment, and the findings will inform: (a) work that seeks to use archive data to create regional baseline maps; and (b) future work seeking to use new generation C-band SAR sensors (e.g., ESA's Sentinel-1) to create more recent woody structure map products, which can then be compared to baseline maps for change investigations. With both the ASAR archive (2002-2011) and Sentinel-1 C-band (2014-present) data being freely available, there now exists a significant amount of data which can be exploited in order to improve the historically poor monitoring and reporting efforts for woody resources in Southern Africa, both at regional and national scales. The results of this paper not only provide some level of confidence in the capability of freely available C-band data, but also point to how best large amounts of similarly polarized data can be efficiently used. The contribution of (historical) precision calibration LiDAR data in this study cannot be understated, and the availability of additional LiDAR data presents an opportunity to expand this research to different regions, using new generation SAR sensors. Given the costs involved in acquiring LiDAR data, innovative partnerships and collaborations between research organizations, government departments, and the private sector are being explored in order to address this.
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